Perception and behavior can be guided by predictions, which are often based on learned statistical 2 regularities. Neural responses to expected stimuli are frequently found to be attenuated after statistical 3 learning. However, whether this sensory attenuation following statistical learning occurs automatically or 4 depends on attention remains unknown. In the present fMRI study, we exposed human volunteers to 5 sequentially presented object stimuli, in which the first object predicted the identity of the second object. 6
Introduction 1 Previous experience constitutes a valuable source of information to guide perception and behavior. 2
Extracting statistical regularities from past input in the environment to form expectations about the future 3 has been shown to improve behavior in myriad ways (Bertels et al., 2012; Hunt and Aslin, 2001 ; Kim et al., 4 2009 ). Indeed, the acquisition of statistical regularities is thought to occur automatically (Turk-Browne et 5 al., 2009) and affects behavior even in the absence of an intention to learn, or an awareness of, the 6 regularities (Fiser and Aslin, 2002; Brady and Oliva, 2008) . Given the significant behavioral and perceptual 7 relevance of expectations, it is perhaps not surprising that the brain shows a remarkable sensitivity to 2018; for a review see de Lange et al., 2018) . This reduced response to expected stimuli has frequently 13 been interpreted, within a predictive processing framework (Friston, 2005; Rao, 2005; Rao and Ballard, 14 1999 ), as signifying a reduction of prediction errors elicited by the stimulus when sensory input matches 15 prior expectations. However, it remains largely unknown whether this sensory attenuation process to 16 predicted visual stimuli is automatic, as its relation to statistical learning may suggest, or only apparent 17 when the predictable stimuli are attended. 18 Indeed, research on visual statistical learning in monkeys has typically not manipulated attention, 19 but only required monkeys to passively fixate in order to obtain reward (Meyer and Olsen, 2011; Kaposvari 20 et al., 2018) , thereby precluding conclusions pertaining to the dependence of these predictive processes 21 on attention. Many studies in humans, providing evidence for suppressed responses to expected stimuli, 22 did require participants to attend the predictable stimuli (e.g., den Ouden et al. attenuated responses to task-irrelevant expected stimuli, suggesting the possibility that the sensory 1 consequences of statistical learning may not depend on attention. Similarly, Kok et al (2012a) showed that 2 the sensory attenuation for grating stimuli with an expected orientation was independent of whether the 3 orientation feature was attended or not. Importantly however, in both these studies the expected or 4 unexpected stimulus was the only stimulus presented on the screen, so even though the stimuli were not 5 relevant, attention was not effectively disengaged by other stimuli. Without competition, it is likely that 6 even a task-irrelevant stimulus will receive some attention . 7 Thus, at present it remains unclear whether statistical learning automatically results in altered 8 neural responses to expected compared to unexpected visual stimuli, or whether this process hinges on 9 the stimuli being attended. In order to answer this question, we exposed participants to sequentially 10 presented pairs of object images. The first image predicted the identity of the second image, thereby 11 making an image expected depending on temporal context. We recorded responses to expected and 12 unexpected object images using whole-brain fMRI while participants performed one of two tasks. Either 13 participants categorized the predictable, second object image as (non-)electronic (rendering the object 14 images attended), or they classified a concurrently shown character (letter or symbol), presented within 15 the fixation dot, as (non-)letter (rendering the object images unattended) . 16 In brief, our results demonstrate strong sensory attenuation for expected object images within 17 the ventral visual stream. Crucially however, expectation suppression was only evident when objects were 18 attended and vanished when participants attended the concurrently presented alphanumeric characters 19 at fixation. This suggests that sensory attenuation induced by statistical learning is not the result of an 20 automatic integration of prior knowledge with incoming information, but hinges on attention, thus 21 constraining neurocomputational theories of perceptual inference. 22 Results 1 We exposed participants to statistical regularities by presenting object image pairs in which the leading 2 image predicted the identity of the trailing image. During a learning session, participants performed a 3 detection task of unpredictable upside-down images. On the next day, in the MRI scanner, participants 4 were shown the same object image pairs, however unexpected trailing images were also presented; i.e., 5 images which were predicted by a different leading image. Crucially, participants either classified the 6 trailing object as (non-)electronic, thus actively attending the predictable object, or classified a 7 concurrently presented, but unpredictable, trailing character as (non-)letter, thus not attending the 8 predictable object. 9 10 Attention is a prerequisite for perceptual expectations 11 First, we investigated whether the sensory attenuation for expected object stimuli was equally present 12 when participants attended the objects or not, focusing on our a priori defined ROIs (see Figure 1A ): 13 primary visual cortex (V1), object-selective lateral occipital complex (LOC), and temporal occipital fusiform 14 cortex (TOFC). In all three regions, expectation suppression was robustly present when participants 15 attended the objects (V1: t(33) = 3.573, p = 0.001, dz = 0.613; LOC: t(33) = 3.860, p = 5.0e-4, dz = 0.662; TOFC: 16 t(33) = 5.133, p = 1.2e-5, dz = 0.880), but absent when participants attended the characters at fixation; i.e., 17 when the predictable objects were unattended (V1: t(33) = -0.216, p = 0.830, dz = -0.037; LOC: t(33) = -0.831, 18 p = 0.412, dz = -0.143; TOFC: t(33) = 0.072, p = 0.943, dz = 0.012). Indeed, Bayesian analyses showed 19 moderate support for the null hypothesis (BF10 < 1/3) of no expectation suppression in all three regions 20 during the character categorization task (V1: BF10 = 0.188; LOC: BF10 = 0.253; TOFC: BF10 = 0.184). The 21 robustness of this distinct pattern of expectation suppression for the two conditions was statistically 22 confirmed by an interaction analysis (expectation by attention interaction, V1:, F(1,33) = 7.706, p = 0.009, 23 η² = 0.189; LOC: F(1,33) = 12.580, p = 0.001, η² = 0.276; TOFC: F(1,33) = 16.955, p = 2.4e-4, η² = 0.339). 24 
(A)
Displayed are parameter estimates +/-within-subject SE for responses to expected (blue) and unexpected (green) 4 object stimuli during the objects attended task (attended) and objects unattended task (unattended). In all three 5 ROIs, V1 (left), LOC (middle), and TOFC (right) BOLD responses were significantly suppressed in response to expected 6 stimuli during the objects attended task. No difference was found between BOLD responses to expected and 7 unexpected stimuli during the objects unattended task. The interaction effect between expectation and attention 8 condition was significant in all three ROIs. (B) Expectation suppression in primary visual cortex is stimulus unspecific, 9 and specific only in higher visual areas. Displayed is the average expectation suppression effect (BOLD responses, 10 unexpected minus expected) split into stimulus-driven (light gray) and non-stimulus-driven (dark gray) gray matter 11 voxels. Data are shown for the three ROIs, V1 (left bars), LOC (middle bars), and TOFC (right bars). Expectation 12 suppression in LOC and TOFC was significantly larger for stimulus-driven than non-stimulus-driven voxels, while no 13 such difference was evident in V1, indicating that expectation suppression in V1 was stimulus unspecific. Error bars 14 indicate within-subject SE. * p < 0.05. ** p < 0.01. *** p < 0.001. 15 
16
Thus, in V1, LOC, and TOFC, there was a significant suppression of BOLD responses for expected 17 compared to unexpected object stimuli exclusively during the object categorization task. No such 18 modulation of BOLD responses by expectation was observed in the objects unattended condition in any 6 of the three a priori ROIs, and in fact, there was moderate evidence for the absence of such a modulation 1 when objects were unattended. We repeated all ROI analyses within the same ROIs but with different ROI 2 sizes in order to ensure that our results were not dependent on the a priori but arbitrarily defined ROI 3 mask size. Results were highly similar (i.e., the same effects showing statistically significant results) to 4 those mentioned above within all three ROIs (V1, LOC, TOFC) for all tested ROI sizes, ranging from 100 to 5 400 voxels (800 mm 3 -3200 mm 3 ) in steps of 100 voxels. Thus, our results do not depend on the exact ROI 6 size but represent responses within the respective areas well. 7
We also examined how expectation modulated neural activity outside our predefined ROIs by 8 performing a whole-brain analysis. Results of this whole brain analysis are illustrated in Figure 2A . The 9 upper row in Figure 2A shows extensive clusters of expectation suppression throughout the ventral visual 10 stream when objects were attended, but no difference when the objects were unattended (middle row), 11 leading to a significant interaction (bottom row). These results complement our ROI-based analysis by 12
showing that the observed expectation suppression effect is not unique to the a priori defined ROIs but 13 evident throughout the ventral visual stream. 14 Outside the ventral visual stream, additional clusters of expectation suppression are evident in 15 anterior insula and the frontal operculum, the precentral and inferior frontal gyrus, superior frontal gyrus 16 and supplementary motor cortex, superior parietal lobule, as well as parts of the cerebellum. All significant 17 clusters are summarized in table S1. Again, all these non-sensory clusters showed reduced activity for 18 expected objects only when the object stimuli were attended and categorized. There was no significant 19 modulation of activity by expectation anywhere in the whole brain analysis when the objects were 20 unattended. clusters included major parts of the ventral visual stream (early visual cortex, LOC, TOFC), anterior insula, and inferior 8 frontal gyrus during the objects attended condition (upper row). No significant clusters were evident in the objects 9 unattended condition (middle row). The interaction (attended > unattended; bottom row) showed significant 1 clusters similar to those of the attended condition, albeit less extensive. (B) Expectation suppression across the 2 ventral visual stream for attended objects, but with task-irrelevant predictions. Displayed are z statistics of the 3 contrast unexpected minus expected of the conjunction: attended task-relevant predictions ∪ task-irrelevant 4 predictions; data of task-irrelevant predictions from Richter et al. (2018) . Exclusively the ventral visual stream 5 clusters showed significant expectation suppression in this conjunction, while all non-sensory area clusters were no 6 longer significant. Thus, only the ventral visual stream clusters displayed a sensitivity to conditional probabilities, 7 irrespective of whether predictions were task-relevant or task-irrelevant, as long as the predictable stimuli were 8 attended.
10
Expectation suppression requires attention to the stimuli, but not their predictable relationship 11 During the object categorization task, the ability to form expectations about the trailing object stimulus 12 was helpful for the participants, and indeed expected object stimuli were categorized more quickly and 13 accurately (see Figure 4A and Expectations facilitate object classification). This begs the question whether 14 the expectation suppression effect that we observed throughout multiple brain areas during the object 15 categorization task reflects differences in task engagement. Participants had an incentive to (implicitly or 16 explicitly) use their knowledge of the predictable relationship between the leading and trailing image to 17 prepare their object categorization response. In order to examine which brain regions exhibited 18 expectation suppression irrespective of the relevance of the predictable relationship between stimuli, we 19 performed a conjunction analysis that highlighted regions that showed significant expectation 20 suppression both in the current study (during the object categorization task) and in a similar study that 21 we published previously (Richter et al., 2018). During this latter study, participants also attended the 22 object stimuli, but were asked to press a button whenever an object appeared that was flipped upside-23 down. Upside-down images occurred rarely, and importantly, were not related to the (implicitly learned) 24 statistical regularities. Figure 2B shows the whole-brain results of this conjunction analysis. Significant, 9 bilateral clusters of expectation suppression were evident throughout most of the ventral visual stream. 1 However, none of the non-sensory clusters showed significant expectation suppression during both 2 experiments. Thus, only in the ventral visual stream we found strong and robust evidence for expectation 3 suppression, regardless of whether the predictable relationship was task-relevant or task-irrelevant, as 4 long as the predictable object pairs were attended. 5 6 Stimulus specificity of the neural modulation by expectation 7 Next, we investigated the stimulus specificity of expectation suppression. Stimulus specificity concerns 8 the question whether only stimulus-driven voxels or also voxels that were not (strongly) driven by the 9 object stimuli displayed expectation suppression. The rationale was that an unspecific suppression effect 10 (i.e., expectation suppression that is also evident in not stimulus-driven voxels) may result from global 11 non-sensory effects, such as changes in general arousal or global surprise signals. On the other hand, 12 stimulus specific suppression effects, being limited to stimulus-driven voxels, are rather suggestive of a 13 more specific suppression mechanism that selectively operates on the neural populations that represent 14 the expected stimulus; e.g., the dampening of stimulus-specific prediction errors as a result of a match 15 between prediction and input. 16
All three ROIs were split into two populations of gray matter voxels, according to their stimulus 17 responsiveness (stimulus-driven: responding to the object images; not stimulus-driven: not significantly 18 responding to the object images), using independent data from the localizer run. There were strong 19 differences between the ROIs in terms of the stimulus specificity of expectation suppression ( Figure 1B ; 20 ROI x drive interaction: F(1.245,41.080) = 7.651, p = 0.005, η² = 0.188). Whereas there was clear evidence for a 21 larger expectation suppression effect in stimulus-driven than not stimulus-driven voxels in higher visual 22 areas (LOC: t(33) = 3.991, p = 3.4e-4, dz = 0.684; TOFC: t(33) = 4.654, p = 5.1e-5, dz = 0.798), suppression was 23 not significantly different between stimulus-driven and not stimulus-driven voxels in V1 (t(33) = -1.057, p = 24 0.298, dz = -0.181). Indeed, a Bayesian analysis indicated moderate support for the absence of a difference 1 between stimulus-driven and not stimulus-driven voxels in V1 (BF10 = 0.307). Of note, all sub-populations 2 in all three ROIs showed significant expectation suppression (all p < 0.05), suggesting that there is a 3 general suppression of activity for expected stimuli in visual cortex, irrespective of whether the visual 4 cortical area is driven by the stimuli. However, in later visual cortical areas (LOC and TOFC) there was 5 significantly more expectation suppression in neuronal subpopulations that were driven by the stimulus, 6
implying a more selective suppression mechanism in these areas. 7 8 Surprising stimuli elicit a larger pupil dilation 9 In view of the suggestion that a global, stimulus unspecific response modulation may partially account for 10 expectation suppression, we performed an exploratory analysis to examine whether surprising stimuli 11
were associated with a stronger pupil dilation in our task. Pupil responses have been with linked with There was indeed a larger pupil diameter for unexpected compared to expected trailing images 17 during the objects attended task (Figure 3 , left). This difference emerged gradually starting ~600 ms after 18 the onset of the trailing object image, and was significant between 1.5-2.8 seconds, as assessed with a 19 cluster permutation test (pcluster = 0.017). When objects were unattended, no significant difference in pupil 20 diameter was found between the expectation conditions, and in fact, no timepoint surpassed the cluster 21 formation threshold (i.e., all timepoints p > 0.05 uncorrected; Figure 3 , right). Thus, the data showed that 22
the pupil was significantly more dilated for unexpected than expected objects when the images were 23 attended, mirroring the results of the neural data. This suggests that the enhanced BOLD responses to 24 unexpected stimuli might be partially accounted for by a global mechanism, such as increased arousal in 1 response to surprising stimuli. Expectations facilitate object classification 16 In order to assess whether, concurrent with the neural effects of expectations, behavioral benefits of 17 expectations were evident, we analyzed behavioral responses during MRI scanning in terms of reaction 18 times (RTs) and response accuracy. Overall, the objects attended (classify electronic items) and objects 1 unattended task (classify characters at fixation) showed very similar response accuracies (attended: 94.3% 2 ± 5.4% vs. unattended: 94.0% ± 6.6%, mean ± SD) and only minor differences in RTs (attended: 574 ± 150 3 ms vs. unattended: 602 ± 131 ms, mean ± SD). This supports the notion that both tasks were of 4 approximately equal difficulty. observed between pairs previously belonging to the objects attended task compared to the objects unattended task.
18
* p < 0.05. *** p < 0.001. During the object categorization task, participants could benefit from the foreknowledge of the 1 identity of the trailing object image, as they were asked to categorize the trailing image. Such a benefit 2 would however not be expected during the character categorization task, as the participants could fully 3 ignore the object stimuli during this task. This is precisely what we observed, both in terms of accuracy 4 and RTs ( Figure 4A ). During the object categorization task, participants were more accurate (W = 457, p = 5 3.2e-4, rB = 0.536) and faster (W = 9, p = 3.8e-9, rB = -0.970) for expected compared to unexpected trailing 6 object stimuli. Conversely, during the character categorization task, no such benefit was observed in terms 7 of accuracy (t(33) = 1.600, p = 0.119, dz = 0.274; BF10 = 0.582) or RT (W = 252, p = 0.447, rB = -0.153; BF10 = 8 0.273). The robustness of this distinct pattern of behavioral advantage for expected stimuli for the two 9 conditions was statistically confirmed by an interaction analysis (accuracy: F(1,33) = 5.203, p = 0.029, η² = 10 0.136; RT: F(1,33) = 37.543, p = 6.6e-7, η² = 0.532). 11 12 No differences in association strength between attended and unattended object pairs 13 An alternative explanation for the absence of sensory attenuation for expected object stimuli during the 14 character categorization task is that statistical regularities for the objects that are presented during this 15 condition have simply not been learned. This explanation may be unlikely, because the vast majority of 16 exposure to the expected pairs takes places in the learning session, during which the same task (upside-17 down image detection) was used for all image pairs. However, it is nonetheless important to ensure that 18 statistical regularities were learned for the image pair sets of the object and the character categorization 19 task. To empirically address this, we tested whether participants had explicit knowledge of the statistical 20 regularities for all object pairs. During this post-scanning pair recognition task, participants were asked to 21 indicate which one of two trailing images was more likely given the leading image. Participants indicated 22 the correct trailing image with above chance accuracy for both, the set of object pairs that was previously 23 attended ( Figure 4B ; performance = 62.1% ± 1.8%, mean ± SE; t(33) = 6.803, p = 4.6e-8, dz = 1.167) and the set that was previously unattended (performance = 58.7% ± 2.2%; t(33) = 3.905, p = 2.2e-4, dz = 0.670). 1
There was no statistically significant difference in accuracy on the pair recognition task between these 2 sets of objects (W = 365, p = 0.256, rB = 0.227; BF10 = 0.737). Reaction times were also similar for both sets 3 of objects (objects previously attended: RT = 458.8 ± 25.4 ms; objects previously unattended: RT = 466.5 4 ± 25.9 ms; t(33) = -1.208, p = 0.236, dz = -0.207; BF10 = 0.358). Thus, the image pairs belonging to both task 5 conditions (objects attended and unattended tasks) were reliably learned, most likely during the extensive 6 behavioral training session, and there was no evidence for a significant difference in the learning of 7 associations for the two sets of object pairs. This strongly suggests that the differences in sensory 8 attenuation between the two attention conditions are unlikely to be explained by differences in the 9 strength of the association between the object pairs. 10
11
Visual processing continues in the absence of attention 12 Finally, one may wonder whether the lack of expectation suppression when objects were unattended is 13 due to the fact that object stimuli simply did not elicit strong activity in the ventral visual stream, as they 14
were not in the focus of attention. Although all three ROIs showed reliable above-baseline activity also 15 when objects were unattended ( Figure 1A ), and activity in LOC and TOFC was of similar amplitude during 16 both conditions, the overall activity level may partly represent stimulus-unrelated activity. Therefore, in 17 an explorative analysis, we assessed the strength of stimulus-specific activity in our three ROIs, by means 18 of a decoding analysis of the trailing images. In brief, a multi-class decoder was trained to differentiate 19 between the six trailing images per attention condition. The classifier was trained on data obtained in an 20 independent localizer run, during which participants performed a separate task (detection of dimming of 21 fixation dot). Performance of this decoder was tested on the mean parameter estimates per trailing image 22
for each of the two attention conditions of the main MRI task data. Because each task was comprised of 23 six trailing images, chance performance was 16.7%. One-sample t-tests or Wilcoxon signed rank test (as 1 unattended) object identity could be decoded above chance (V1 attended: 81.1%; W = 595, p = 3.3e-7, rB 2 = 1; V1 unattended: 84.8%; W = 595, p = 3.2e-7, rB = 1; LOC attended: 37.3%; t(33) = 6.303, p = 4.0e-7, dz = 3 1.08; LOC unattended: 38.0%; W = 583, p = 9.7e-7, rB = 0.96; TOFC unattended: 25.0%; W = 476, p = 0.002, 4 rB = 0.60), except in TOFC in the attended condition (TOFC attended: 19.6%; W = 383, p = 0.143, rB = 0.287; 5 BF10 = 0.388). 6
Moreover, decoding accuracy was not different between the objects attended and unattended 7 conditions in any of the ROIs (V1: t(33) = -1.197, p = 0.240, dz = -0.205, BF10 = 0.354; LOC: t(33) = -0.214, p = 8 0.832, dz = -0.037, BF10 = 0.188; TOFC: t(33) = -1.726, p = 0.094, dz = -0.296, BF10 = 0.697). This suggests that 9 the object stimuli evoked a reliable stimulus-specific activity pattern in all three sensory regions, which 10
was not significantly different in strength between the two tasks (object categorization and character 11 categorization). Therefore, overall visual processing of the object stimuli was clearly present even when 12 the objects stimuli were not attended. 13 14 15 Discussion 16
In the present study, we set out to investigate how sensory attenuation following visual statistical learning 17 is modulated by attention. In line with previous studies ( attenuation of neural responses to expected compared to unexpected stimuli. Crucially, we showed that 20 attending to the predictable stimuli is a prerequisite for this expectation suppression effect to arise. While 21 unattended objects led to reliable and stimulus-specific increases in neural activity, and object pairs were 22 equally learned for these stimuli, there was no differential activity depending on whether the trailing 23 object was expected or unexpected. Additionally, we found that higher visual areas exhibited stimulus 1 specific expectation suppression, whereas early visual cortex showed a global, stimulus unspecific 2 suppression, possibly arising from a general increase in arousal in response to surprising stimuli. 3 4 Attention is a prerequisite for expectation suppression is directed to the predictable object stimuli. Specifically, when participants engaged in an object 8 categorization task, we found a wide-spread reduction of neural activity for expected compared to 9 unexpected stimuli throughout the ventral visual stream (V1, LOC, TOFC), as well as several non-sensory 10 areas (anterior insula, inferior frontal gyrus, precentral gyrus, and superior parietal lobule). Strikingly, no 11 modulation of neural activity by expectation was found when attention was drawn away from the object 12 stimuli. 13
Interestingly, by directly comparing our present data with a previous dataset, in which we used a 14 similar design (reported in Richter et al., 2018), we established that expectation suppression is present 15 throughout the ventral visual stream irrespective of whether predictions are task-irrelevant, as long as 16 the object stimuli are attended. In contrast, the larger activity for surprising stimuli in non-sensory areas 17 (insular, frontal and parietal cortex) was only observed in the context of task-relevant expectations. This 18 suggests that neural activity in the ventral visual stream is modulated by conditional probabilities, as long 19
as the stimuli are attended, while the modulations in non-sensory regions are probably reflecting 20 differences in task demands, given that unexpected stimuli were more difficult to categorize (reflected by 21 a cost in speed and accuracy). During the object classification task, unexpected objects may require 22 response inhibition, reevaluation of the category, and thus a new response decision. Given that the 23 anterior insula has been associated with task control, action evaluation (Brass and Haggard, 2010) , as well No perceptual predictions without attention 6 Our results corroborate and extend earlier work by Larsson and Smith (2012) , who observed that stimulus 7 expectation only affected repetition suppression when the stimuli were attended. However, they appear 8 at odds with several previous studies that have reported expectation suppression in the visual system for 9 stimuli that were not task-relevant and thus appeared unattended (den Ouden et al., 2009; Kok et al., 10 2012a; Kok et al., 2012b) . However, in all these studies, while the predictable stimuli were task-irrelevant, 11 attention was not effectively drawn away by a competing stimulus that required attention. It is likely that 12 any supraliminal stimulus, in the absence of competition, will be attended to some degree, even if it is not 13 task-relevant, especially if the stimulus is surprising (Horstmann et al., 2015) . Indeed, synthesizing earlier 14 and current findings, we can conclude that expectation suppression in the visual system occurs 15 irrespective of exact task goals and relevance of the predictable objects and their predictable relationship, 16 but it is abolished by drawing attention away from the stimuli. This suggests that the integration of prior 17 knowledge and sensory input is gated by attention -i.e., prior knowledge only exerts an influence on 18 stimuli that are in the current focus of attention, instead of automatically and pre-attentively modulating 19 sensory input as an obligatory component of perceptual processing. 20
It is however possible that other, more 'stubborn' prior expectations (Yon et al., 2019 ) that are 21 derived over longer (ontogenetic or phylogenetic) time scales may persist even when attention is drawn 22 away, such as perceptual fill-in during the Kanizsa illusion (Kok et al., 2016) . Therefore, it is crucial to 23 discriminate between different types of predictions, as expectations of different sources may rely on 1 different neural mechanisms and therefore have distinct properties. In LOC and TOFC expectation suppression was largest in neural populations that were driven by the 5 stimuli. Surprisingly, this was not the case in V1, where the suppression was uniformly present in the 6 population that was driven by the stimuli and the population that was not. This replicates the results of 7 our previous study (Richter et al., 2018) and suggests that the expectation suppression we observe in V1 8
is not the result of a stimulus-specific reduction in prediction error responses of neurons processing the 9 stimulus. Rather, they suggest that the observed expectation suppression effect in V1 may be accounted Combined, the evidence suggests that the resolution of prediction errors crucially depends on the visual 5 areas that are specifically coding the feature that is diagnostic of an expectation confirmation or violation, 6
while areas below this level may only witness an unspecific, global modulation in their response, signifying 7 the binary expectation confirmation or violation. 8 9 Attention and prediction errors 10 Within the predictive coding framework, it has been suggested that attention modulates the gain of 11 prediction error units (Feldman and Friston, 2010) . Within this account, one would expect evidence of 12 prediction errors also in the absence of attention. Our results seem incompatible with this notion, unless 13 attention can modulate the gain of prediction errors to such an extent that their response is reduced to 14 (near) zero when attention is engaged elsewhere. This however appears inconsistent with the observation 15 that unattended object stimuli still generated a reliable and strong neural response. An alternative 16
interpretation is that attention constitutes a (modulation of the) prior itself (Rao, 2005; Yu and Dayan, 17 2005b ). On this account, attention boosts relevant predictions, as during the object classification task, 18 thus leading to wide-spread expectation suppression, due to larger prediction errors for unexpected 19 compared to expected stimuli. However, when attention is disengaged from the object stimuli, object 20 predictions are not generated, and thus do not exert an effect on sensory processing. Our results appear 21 compatible with this model, and thereby provide empirical evidence for the notion that attention, rather 22 than enhancing the precision of prediction errors, constitutes a modulation of the prior. 23 1 One may wonder whether the character categorization task at fixation may have drawn attention away 2 from the objects so forcefully that the object stimuli were no longer processed by sensory cortex. It is 3 important to note here that, although attention was engaged at fixation by the character categorization 4 task, this task was of trivial difficulty. Thus, it seems unlikely that attentional resources were exhaustively 5 engaged by the task, preventing any processing of the surrounding object stimuli, thereby causing the 6 absence of predictive processing. Indeed, behavioral performance was at ceiling during both tasks. 7
Furthermore, even when objects were unattended reliable visual processing took place, as evident by 8 strong responses and object-specific neural patterns in the visual ventral stream. This suggests that in-9 depth visual processing of object stimuli did occur in the absence of attention, but predictive processes in 10 particular ceased. 11
Another alternative explanation of the present results could be that predictive relationships were 12 not learned for the set of objects that were used during the character categorization task, thereby 13 accounting for the absence of a prediction effect. The pair recognition task at the end of the experiment 14 however showed that associations were learned for both image pair sets. Thus, a lack of visual processing 15 or absence of learning cannot account for the observed results. Finally, it is worth emphasizing that 16 neither adaptation nor familiarity effects can account for the observed results, because all trailing objects 17 served both as expected and unexpected images, depending only on temporal context (i.e., the leading 18 image). 19 20 
Conclusion

21
In sum, our results suggest that visual statistical learning results in attenuated sensory processing for 22 predicted input, but only when this input is attentively processed. Thus, attention seems to gate the 23 integration of prior knowledge and sensory input. This places important constraints on neurocomputational theories that cast perceptual inference as a process of automatic integration of prior 1 and sensory information. The present study was preregistered at Open Science Framework (OSF) before any data were acquired. 7
The preregistration document is available at DOI: 10.17605/OSF.IO/36TE7. All procedures and criteria 8 outlined in the preregistration document were followed, unless explicitly specified in the Method section 9 below. In this manuscript, only research question 1 of the preregistration document is addressed. 10 11
Participants and Data Exclusion
12
Our target sample size was n = 34. This sample size was chosen to ensure 80% power for detecting at least 13 a medium effect size (Cohen's d ≥ 0.5) with a two-sided paired t-test at an alpha level of 0.05. In total, 38 14 healthy, right-handed participants were recruited from the Radboud University research participation 15 system. The study followed institutional guidelines of the local ethics committee (CMO region Arnhem-16
Nijmegen, The Netherlands). We excluded four participants, following our exclusion criteria (see 17 preregistration document and Data Exclusion) resulting in the desired sample size of n = 34 participants 18 (25 female, age 24.9 ± 4.8 years, mean ± SD) for data analysis. Of these four exclusions, three exhibited 19 excessive motion during scanning, and one was caused by the participant falling asleep, thus resulting in 20 an incomplete data set. 21
Data Exclusion 1
The following preregistered criteria were utilized for the rejection of data. If any of the following criteria 2 applied, data from that participant were excluded from all analyses. (1) Subpar fixation behavior during 3 scanning, indicative by a total duration of closed eyes exceeding 3 SD above the group mean -only trials 4 with stimuli were considered in this analysis; i.e., null events and instruction or performance screens were 5 not included. (2) Excessive relative motion larger than ½ voxel size (i.e., 1mm) during MRI scanning, as 6 indexed by the total number of these motion events exceeding 2 SD above the group mean. (3) Task 7 performance during MRI scanning indicating frequent attentional lapses, as indicated by a mean error 8 rate 3 SD above the group mean. 9
A fourth rejection criterion, outlined in the preregistration document, based on chance level 10 performance during the post-scan pair recognition task (see: Pair recognition task and 2AFC task in the 11 preregistration document), was not enforced. This decision was based on feedback by participants, 12
indicating that the short ITI during this task made it very challenging, even for participants who reported 13
to have learned most of the associations. Thus, the preregistered pair recognition task based exclusion 14 criterion would not fulfill the desired function of reliably indicating which participants did not explicitly 15 learn the associations, as participants struggled with the task due to its fast pace. Indeed, the enforcement 16 of the criterion would have resulted in the rejection of an additional nine participants (~26% of 17 participants) from data analysis, which was deemed too stringent. 18 19 Stimuli and experimental paradigm 20
Experimental paradigm 21
The experiment consisted of two sessions on two consecutive days. On each day the same stimuli were 22 used for each participant, but different tasks were employed. 23
Learning session -day one. On each trial participants were exposed to two images of objects in 1 quick succession (see Figure 5A for a single trial). Each stimulus was presented for 500 ms without an 2 interstimulus interval and an intertrial interval between 1000-2000 ms. Each participant saw 24 different 3 object images, 12 of which only occurred as leading images (i.e., as the first image on a trial), while the 4 remaining 12 occurred only as trailing images (i.e., as the second image on a trial). Importantly, during the 5 learning session the leading image was perfectly predictive of the identity of the trailing image 6
[P(trailing|leading) = 1]. In other words, there were 12 image pairs during learning. While participants 7
were made aware of the existence of such regularities, the regularities were not task-relevant. On 20% of 8 trials, one of the two object images was presented upside-down -either the leading or the trailing image 9 could be flipped upside-down. Crucially, whether an image was upside-down could not be predicted and 10 was completely randomized. Participants were instructed to press a button as soon as an upside-down 11 image occurred. Both speed and accuracy were emphasized. On trials without an upside-down image, no 12 response was required. Throughout the entire trial, a fixation bull's-eye (outer circle 0.7° visual angle) was 13 superimposed at the center of the screen. Within the inner circle of the fixation bull's-eye (0.6° visual 14 angle) alphanumeric characters (letters or symbols) were presented (~0.4° visual angle). The characters 15 were presented at the same time and for the same duration as the object stimuli -i.e., two characters 16 per trial, each for 500 ms. As with the object images, there were 12 leading characters and 12 trailing 17 characters. However, unlike the objects, the identity of the characters, including whether a letter or 18 symbol occurred, was randomized and thus unpredictable. Participants were instructed that they could 19 ignore these characters, but to maintain fixation on the fixation bulls-eye. In total each participant 20 performed 960 trials during the learning session split into four runs, with a brief break in between runs. 
7
L1 to L12 represent leading objects, while T1 to T12 represent the trailing objects. Leading and trailing objects were 8 randomly selected per participant from a larger pool of images -i.e., leading images of one participant may occur as trailing objects of another participant, in a different task, or not at all. Blue cells denote expected object pairs of the 1 objects attended (object categorization) task, while green indicates unexpected object pairs of the objects attended 2 task. Red denotes expected objects of the objects unattended (character categorization) task, and orange indicates 3 unexpected objects of the objects unattended task. Each participant was also assigned 12 leading and 12 trailing 4 characters (6 letters, 6 symbols each). Unlike the object images, there was no association between leading and 5 trailing characters -i.e., the identity of the leading and trailing character was unpredictable. White numbers 6 represent the total number of trials of that cell during MRI scanning. In total 120 trials of each of the four conditions 7 were shown during MRI scanning per participant. In the behavioral learning session, participants performed an 8 orthogonal oddball detection task, during which only expected pairs were shown (i.e., only the diagonal of the 9 matrix), for a total of 80 trials per expected pair (960 trials total). 10 11 fMRI session -day two. Day two of the experiment took place one day after the learning session. 12
First, participants performed an additional 240 trials of the same upside-down task as during the learning 13 session in order to refresh the learned associations. Then participants performed two new tasks in the 14 MRI scanner. During MRI scanning, trials were similar to the learning session, using the same stimulus 15 presentation durations, except for longer intertrial intervals (4000-6000 ms, randomly sampled from a 16 uniform distribution). Another change to the paradigm during MRI scanning was a reduction of the 17 probability of the trailing image given the leading image; P(trailing_expected|leading) = 0.5. Thus, now 18 only in 50% of trials a leading image was followed by its expected trailing image. In the remaining 50% of 19 trials, one of the other five trailing images would occur, making these images unexpected given that 20 particular leading image (i.e., each unexpected trailing image had P(trailing_unexpected|leading) = 0.1). 21
This was achieved by splitting the original 12x12 transition matrix from day one into two 6x6 matrices (see 22 Figure 5B ). One 6x6 matrix was used for each of the two tasks participants performed in the MRI (object 23 categorization and character categorization tasks; see below). Thus, each expected trailing image was five trailing image was only (un-)expected by virtue of the leading image it followed, which in turn also ensured 1 that all images occurred equally often throughout the experiment, excluding confounds due to stimulus 2 frequency or familiarity. During MRI scanning, an infrared eye tracker (SensoMotoric Instruments, Berlin, 3
Germany) was used to monitor and record eye positions, as well as pupil size, at 50 Hz. Finally, after MRI 4 scanning, a brief pair recognition task was performed -for details see Pair recognition task below. 5
Object categorization task. During the object categorization task participants were required to 6 categorize, as quickly and accurately as possible, the trailing object on each trial as either electronic or 7 non-electronic. Thus, during this task it was beneficial to be able to predict the identity of the trailing 8 object using the learned associations. Failing to respond, or responding later than 1500 ms after trailing 9 image onset, was considered a miss. Because the 12x12 transition matrix was split into two 6x6 matrices, 10 one for this task, one for the character categorization task, it was ensured that both 6x6 matrices 11 contained three electronic and three non-electronic objects as trailing and leading images, ensuring an 12 equal base rate of both categories. Before performing this task, it was explained that 'electronic' would 13 be any object that contains any electronic components or requires electricity to be used. Furthermore, it 14 was ensured that participants could correctly classify each object by displaying all objects on screen and 15 requesting participants to verbally categorize and name each object before entering the MRI. 16
Character categorization task. Trials of the character categorization task were identical to the 17 object categorization task, except that participants were instructed to categorize the trailing character on 18 each trial as a letter (of the standard Latin alphabet: A, B, D, E, G, H, J, K, M, N, R, S) or non-letter (i.e., a 19 symbol or letter of a non-Latin alphabet: €, $, =, +, ɸ, Ͽ, £, ‡, Ӵ, ‫,ל‬ !, ?). While the presentation onset and 20 duration of the characters coincided with the presentation of the object images, the identity of the trailing 21 character was not predictable. As with the object images, six characters (three letters, three non-letters) 22
were assigned as leading characters and six were assigned as trailing characters (three letters, three non-23 letters) for each of the two tasks (object and character categorization task). This was done to ensure that the character categorization task was as similar as possible to the object categorization task, and that 1 exposure to the individual characters was as frequent as to the objects. Thus, in short, the rationale of the 2 character categorization task was to draw attention away from the object stimuli and towards the 3 characters, without imposing a heavy load on attentional or cognitive resources. Indeed, both tasks were 4 designed to yield task performance at ceiling level. For both the object and character categorization tasks, 5 feedback on behavioral performance was provided at the end of each run. 6
Procedure, MRI session. First, participants performed a brief practice run consisting of 50 trials 7 (~5 minutes in duration) of either the object or character categorization task in the MRI. However, during 8 the practice run, no unexpected trailing images occurred in order to retain the strong expectations built 9 up during the learning session. Additionally, during the practice run, an anatomical image was acquired. 10
After the practice run, two runs of the object or character categorization task were performed. Each run 11 (~14 minutes) consisted of 120 trials and 7 null events of 12 seconds. Next, a practice run of the other task 12 followed -i.e., if the object categorization task was performed first, the character categorization task 13 would now follow, or vice versa. The task order was counter-balanced across participants. The practice 14 run was again followed by two runs of the second task. After this, participants performed one functional 15 localizer run (see: localizer). Finally, participants did a pair recognition task (see: Pair recognition task), 16 assessing the learning of the object pairs. Once finished, participants were fully debriefed, and any 17 remaining questions were addressed. 18
Localizer. We included a localizer session to define object-selective LOC for each participant and 19 to constrain region of interest (ROI) masks to the most informative voxels using data from an independent, 20 context-neutral run (i.e., without expectations). The functional localizer consisted of a repeated 21 presentation of the previously seen trailing images and their phase-scrambled version. Images were 22 presented for 12 seconds at a time, flashing at 2Hz (300 ms on, 200 ms off). At some point during stimulus 23 presentation, the middle circle of the fixation dot would dim. Participants were instructed to press a button, as fast as possible, once they detected the dimming of the fixation dot. Each trailing image was 1 presented 6 times. Additionally, a phase-scrambled version of each trailing image was presented 3 times. 2 Furthermore, 12 null events, each with a duration of 12 seconds were presented. The presentation order 3 was fully randomized, except for excluding direct repetitions of the same image and ensuring that each 4 trailing image once preceded and once followed a null event in order to optimize the design. 5
Pair recognition task. The rationale of this task was to assess the learning of the object pairs (i.e, 6 statistical regularities) and to compare whether participants learned the regularities during the objects 7 attended task better than during the character categorization task. The pair recognition task followed the 8 MRI session and consisted of the presentation of a leading image followed by two trailing images, one on 9 the left and one on the right of the fixation dot. Participants were instructed to indicate, by button press, 10 which of the two trailing images was more likely given the leading image. In order to prevent extensive 11 learning during this task, a few trials with only unexpected trailing images were shown. Furthermore, 12 participants were instructed that a response was required on each trial, even when they were unsure. 13
Stimulus durations and intertrial intervals were identical to the learning session, i.e., 500 ms leading 14 image, 500 ms trailing images, and a variable intertrial interval (1000-2000 ms randomly sampled from a 15 uniform distribution). A response had to be provided within 1500 ms after trailing image onset, or 16 otherwise the trial was counted as a miss. Participants performed one block of this task, consisting of 240 17 trials. Behavioral data from the main task MRI runs were analyzed in terms of reaction time (RT) and response 20 accuracy. Trials with RT < 200 ms, RT > 1500 ms, or no response were rejected as outliers from RT analysis 21
(1.56% of trials). The two factors of interest were expectation status (expected vs. unexpected) and 22 attention (objects attended vs. objects unattended task). Thus, a 2x2 repeated measures analysis of 23 variance (RM ANOVA) was used to analyze behavioral data, with the additional planned simple main effects analyses of expected vs. unexpected within each task condition using two-sided paired t-tests. For 1 these tests, RT and accuracy data per participant were averaged across trials and subjected to the 2 analyses. For all paired t-tests, the effect size was calculated in terms of Cohen's dz (Lakens, 2013) , while 3 partial eta-squared (η 2 ), as implemented in JASP (JASP Team, 2018), was used as a measure of effect size 4 for the RM ANOVA. Standard errors of the mean were calculated as the within-subject normalized 5 standard error of the mean (Cousineau, 2005) with bias correction (Morey, 2008) . Data from the pair 6 to register functional images to the anatomical image (BBR) and the anatomical image to the MNI152 T1 18 2mm template brain using linear registration (12 degrees of freedom). Registration to the MNI152 19 standard brain was only applied for whole-brain analyses, while all ROI analyses were performed in each 20 participant's native space in order to minimize data interpolation. 21 22 fMRI data analysis 1 FSL FEAT was used to fit voxel-wise general linear models (GLM) to each participant's run data in an event-2 related approach. In these first-level GLMs, expected and unexpected image pair events were modeled as 3 two separate regressors with a duration of one second (the combined duration of leading and trailing 4 image) and convolved with a double gamma haemodynamic response function. An additional regressor 5 of no interest was added to the GLM, modeling the instruction and performance summary screens. 6
Moreover, the first temporal derivatives of these three regressors were added to the GLM. Finally, 24 7 motion regressors (FSL's standard + extended set of motion parameters) were added to account for head 8 motion, comprised of the six standard motion parameters, the squares of the six motion parameters, the 9 derivatives of the standard motion parameters and the squares of the derivatives. The contrast of interest, 10 expectation suppression, was defined as the BOLD response to unexpected minus expected images. FSL's 11 fixed effects analysis was used to combine data across runs. Because each run either used the objects 12 attended or objects unattended (character categorization) task, two separate regressors were used in the 13 fixed effects analysis, one for the objects attended task, one for the objects unattended task. Finally, 14 across participants, data were combined using FSL's mixed effects analysis (FLAME 1). Gaussian random-15 field cluster thresholding was used to correct for multiple comparisons, using the updated default settings 16 of FSL 5.0.11, with a cluster formation threshold of p < 0.001 (one-sided; i.e., z ≥ 3.1) and cluster 17 significance threshold of p < 0.05. 18
19
Region of interest (ROI) analysis 20
ROI analyses were conducted in each participant's native space. The three a priori defined and 21 preregistered ROIs were V1, object-selective LOC and TOFC. The choice of these ROIs was based on our 22
previous study (Richter et al., 2018) , in which we found significant expectation suppression in these 23 cortical areas. For each ROI the mean parameter estimate was extracted from the participant's parameter estimate maps, representing the expected and unexpected images. This was done separately for the 1 objects attended and objects unattended tasks, thus resulting in four parameter of interest. The 2 parameter estimates were divided by 100 to yield percent signal change relative to baseline (Mumford, 3 2007 ). For each ROI, these data were submitted to a 2x2 RM ANOVA with expectation (expected, 4 unexpected) and attention (objects attended, objects unattended) as factors. Simple main effects were 5 calculated for the expectation effect in each of the attention conditions using two-sided paired t-tests. As 6 applicable, Cohen's dz or partial eta-squared (η 2 ) were calculated as measures of effect size. Again, the 7 within-subject normalized standard error of the mean (Cousineau, 2005) with bias correction (Morey, 8 2008 ) was calculated as an indicator of the standard error. 9 ROI definition. All ROIs were preregistered and defined a priori, based on previous results, and 10 refined using independent data. The three ROIs were V1, object selective LOC, and TOFC. V1 was defined 11 based on each participant's anatomical image, using Freesurfer 6.0 for cortex segmentation (recon-all; 12 Dale et al., 1999 , RRID:SCR_001847). The resulting V1 labels were transformed into native volume space 13 using 'mri_label2vol' and merged into one bilateral mask. LOC masks were created in each participant's 14 native space using data from the functional localizer. Object selective LOC was defined as bilateral 15 clusters, within anatomical LOC, showing a significant preference for intact compared to scrambled object 16 stimuli (Kourtzi and Kanwisher, 2001; Haushofer et al., 2008) . To this end, one regressor modeling intact 17 objects and one regressor modeling scrambled objects were fit to each participant's localizer data. 18
Additional regressors of no interest were added to the model, with one regressor modeling instruction 19 and performance screens, the temporal derivatives of all regressors, and the 24 motion regressor as also 20 described above (see: fMRI data analysis). The contrast of interest, objects minus scrambles, was 21 constrained to anatomical LOC, and the largest contiguous clusters in each hemisphere were extracted 22 per participant. By default, the contrast was thresholded at z >= 5 (uncorrected; i.e., p < 1e-6). The 23 threshold was lowered on a per participant basis if the resulting LOC clusters were too small; i.e., bilateral mask with less than 400 voxels in native volume space. The TOFC ROI mask was created using an 1 anatomical temporal-occipital fusiform cortex mask from the Harvard-Oxford cortical atlas 2 (RRID:SCR_001476), as distributed with FSL. This mask was further constrained to voxels showing a 3 significant expectation suppression effect on the group level in our previous study, using an independent 4 data set (Figure 2A in Richter et al., 2018). The resulting mask was transformed from MNI space to each 5 participant's native space using FSL FLIRT. 6
Finally, each of the three ROI masks were constrained to the 300 most informative voxels 7 concerning object identity. This was done by performing a multi-voxel pattern analysis (see: Multi-voxel 8 pattern analysis (MVPA)) on the localizer data set per participant, decoding object identity. This ensured 9 that the final masks contained the most informative voxels in each respective mask. In order to verify that 10 our results did not depend on the a priori defined but arbitrary number of voxels in the ROI masks, we 11 repeated all ROI analyses with masks ranging from 100-400 voxels (i.e., 800 mm 3 to 3200 mm 3 as classes. The analysis was performed on the localizer data across the whole brain using a searchlight 21 approach (6 mm radius) and stratified 4-fold cross-validation. Finally, the resulting decoding accuracy 22 maps were used to constrain the ROI masks (see ROI definition). 23 1 the visual ventral stream was equally present during both the objects attended and unattended tasks. As 2 above, a multi-class decoder with linear SVMs was used to decode object images. The per trial parameter 3 estimates of the localizer run served as training data. For each main task run voxel-wise GLMs were fit 4 with a regressor for each trailing image per expectation condition. As in the other fMRI analyses, the 24 5 motion regressors and temporal derivatives were added to the model (see fMRI data analysis). Finally, 6
the decoder was tested on the obtained trailing image parameter estimates per run. As each attention 7 condition consisted of six trailing images, chance performance of this decoder was at 16.7% (1/6). 8 9
Stimulus specificity analysis 10
In an effort to further explore the nature of expectation suppression throughout the ventral visual stream, 11
we investigated the stimulus specificity of the suppression effect. The key question here was if expectation 12 suppression was primarily present in stimulus-driven voxels within a given area, or whether most voxels 13 in an area showed the effect, regardless of whether or not they were stimulus-driven. 14 In order to investigate specificity, we obtained anatomically defined masks of our three ROIs (V1, 15 LOC, TOFC). For V1 the unconstrained, anatomically defined Freesurfer V1 mask was used (see ROI 16 definition) . Anatomical LOC and TOFC were defined using the Harvard-Oxford cortical atlas. FSL FAST was 17 used to obtain a gray matter mask for each participant based on their anatomical scan. Masks were 18 transformed to the participant's native EPI space. Next, the three ROI masks were constrained to the 19 participant's gray matter voxels. Within the resulting ROI masks, using the contrast object stimuli 20 compared to baseline from the functional localizer run, voxels were split into two categories, stimulus-21 driven (z > 1.96; i.e., p < 0.05, two-sided), and not stimulus-driven, but also not deactivated, voxels (-1.96 22 < z < 1.96). Average expectation suppression was compared between ROIs split into stimulus-driven vs. 23 not stimulus-driven voxels. Thus, a 3x2 RM ANOVA with ROI (V1, LOC, TOFC) and stimulus-driven (stimulus-driven vs not stimulus-driven) as factors was used for analysis. Greenhouse-Geisser correction 1 was applied, if Mauchly's sphericity test indicated a violation of the sphericity assumption. Furthermore, 2 the simple main effect of stimulus-driven vs. not stimulus-driven was assessed within each ROI. 3
Additionally, to test for the presence of any expectation suppression, the amount of suppression was 4 compared against zero using one sample t-tests. 5 6 Pupillometry 7
In order to investigate whether pupil dilation effects accompany expectation suppression, we analyzed 8 the pupil diameter data recorded during MRI scanning. A priori, two participants were rejected from this 9 analysis, as the experiment log book indicated that pupil diameter data was unreliable for these two 10 participants, leaving 32 participants for pupillometry. First, blinks were detected using a velocity based 11 method, following the procedure outlined by Mathôt (2013) . A blink was defined as a negative velocity 12 peak (eyes closing), followed by a positive velocity peak (eyes opening) within a time period of 500 ms. 13
The velocity threshold was set to 5 (arbitrary units). An additional 100 ms were added as padding before 14 and after the detected blink onset and offset. If padding resulted in overlapping blink windows, 15 consecutive blinks were considered as one long blink. Linear interpolation was used to replace missing 16 data during blinks (18.05% of data). Note, this number includes the padding, and all time periods of no 17 interest, such as null events, instruction and performance screens, as well as recording periods before and 18 after MRI run onset; i.e., periods during which participants were free to close their eyes. Remaining 19 missing data, not following a typical blink profile, were excluded from analysis, again adding a padding of 20 100 ms (3.07% of data). Similarly, outlier data with implausible velocity profiles were also rejected from 21 the analysis, using the same velocity-based threshold as for blink detection but without the criterion of a 22 negative peak followed by a positive peak (5.30% of data). Thus, data interpolation was only applied for 23 short time intervals, which represent a clear blink, in order to avoid interpolation based on artifacts or over exceedingly long time periods. Finally, pupil data were smoothed using a Hanning window of 200 ms, 1 and epoched into trials from 1 second before trailing image onset to 4 seconds after trailing image onset. 2
The data of each trial were baseline corrected by diving the pupil diameter estimates by the mean 3 diameter during the baseline period, 0.5 to 0 seconds before leading image onset. As a final data quality 4 check, all trials exceeding pupil diameter values 7 SDs above the mean pupil diameter were rejected 5 (3.01% trials). Trials with expected trailing images and unexpected trailing images were averaged 6 separately for each participant. The difference between unexpected minus expected was subjected to a 7
cluster-based permutation test (100,000 permutations; two-sided p < 0.05; cluster formation threshold p 8 < 0.05) in order to assess statistical significance. Data from the objects attended and the objects 9 unattended tasks were analyzed separately. 10 11
Bayesian analyses 12
In order to further evaluate any non-significant tests, in particular simple main effects, we performed the 13 We thank Matthias Ekman, Mariya Manahova and Peter Kok for helpful comments and discussions of the 10 manuscript and results. 11 12 13 Supplemental Information 1   Table S1 2 Brain areas showing significant expectation suppression (GRF cluster corrected). Listed are significant clusters with 3 their respective area label, MNI coordinate of the peak z value, the number of voxels in the cluster, as well as the p 4 value of the cluster and its max z statistic. For large clusters (n voxels > 700) additional local z maxima (z > 3.72; i.e., 5 p < 0.0001, one-sided) are also shown with area label, MNI coordinates and max z statistic. Unexp. = unexpected 6 image pairs; Exp. = expected image pairs; Att. = objects attended task; Unatt. = objects unattended (characters 7 attended) task. The source data file contains nifti images for the whole brain contrast unexpected > expected (expectation 11 suppression). Separate files are included for each attention condition, as well as their interaction 12 (attended > unattended), both in terms of unthresholded parameter estimate, z and thresholded z-maps 13 ( Fig. 2A) . The thresholded z map of the conjunction analysis (Fig. 2B) is also included. 
